with P 0 (x) = C x -µ (µ >1) being the choice distribution, and C a normalization constant.
The first term in (1) is the probability of making a trip of duration x and not finding anything, the second the probability of finding a target after a time x (implying that the chosen time u is >x). P takes two limiting forms:
(1) has sounder biological and physical grounds than the ad hoc gamma function introduced in ref.
1 to fit the albatross data. It should also be considered as an alternative to the power-law distribution, obtained when τ→∞, for testing biological Lévy flights.
With µ=1.18 and τ =1.89 hours, Eq. (1) describes the albatross data very well (Fig.1) .
The data is not consistent with a pure Poisson process,
, which is recovered in Eq.
(1) when µ→1 (Fig. 1) . Although µ differs from the optimal value 2 for immobile targets 3 , it remains larger than unity: the flying times can still be interpreted as drawn from a genuine, normalizable power-law distribution, contrary to what is concluded in ref. 1 (µ=0.69).
Furthermore, the lack of straight lines in a log-log RFP (as in our fig. 1 , or in figs.
1 and 3c of ref. 1) is not conclusive evidence for the absence of a power-law pattern.
Truncated-power-law frequency distributions do not produce RFP with straight lines in log-log, even at small scales, unless their scaling regime spans over at least three decades. This is practically never the case in foraging data.
Likelihood and goodness-of-fit tests are useful methods to rule out hypotheses, or to conclude that several models (e.g. Poisson, Lévy) are equally likely to describe a given data set of small size, as illustrated by Edwards et al. in the case of bumble-bees 1 .
But in order to improve the understanding of foraging processes, these tests should be ). The discrete nature of the albatross data (see Ref.
1, Supplementary Methods 1) was taken into account in the MC calculations and for plotting the theoretical curves.
